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Abstract— Land surface soil moisture (SSM) has an important role for groundwater recharge,
agriculture, soil chemistry, and climate forecasting. Many recent scientific research efforts have
aimed toward a predictive-understanding of SSM over space and time based on the instantaneous
observations of land surface temperature (LST). However, the information provided by the tem-
poral variation of LST has been less considered or discussed. The present study aims to find
the relationship between the temporal variation of LST and SSM and then to propose a method
for retrieving SSM from geostationary satellite data. Due to the absence of the accurate SSM
measurements at large scale, NOAH land surface model (LSM) is used to provide the temporal
evolution of the LST under different soil types and SSM conditions for cloud free days and bare
soil surfaces. Two empirical models (linear and second-degree polynomial forms) are proposed
to estimate SSM using the two LST temporal variables TN (the LST rising rate normalized by
the difference in the net surface shortwave radiation during the mid-morning) and td (the time
at which the daily maximum temperature occurs). The root mean square errors (RMSE) of
the SSM retrieved using the linear and second-degree models with simulated data are found to
be 0.03m3/m3 and 0.024m3/m3 respectively. The results show that the coefficients except for
the constant term in both models are independent of the atmospheric conditions and soil types,
but the constant term varies with atmospheric forcing data. This study indicates that the SSM
of bare soil surfaces can be estimated with high accuracy if the constant term is obtained or
estimated accurately.
1. INTRODUCTION
Land surface soil moisture (SSM) has critical importance on the physical processes governing energy
and water exchanges at the land-atmosphere boundary. Soil moisture controls the extent to which
plants can exploit sunlight in the photosynthesis and the effectiveness with which agriculture,
forestry and freshwater resources can be developed [1]. Therefore, it plays an important role for
groundwater recharge, agriculture, soil chemistry, and climate forecasting.
Because of the spatial and temporal heterogeneity of SSM due to the variation of the soil prop-
erties, topography and vegetation cover, SSM field measurements can not provide accurate regional
SSM, and remote sensing, particularly thermal infrared remote sensing, becomes an effective way
to estimate SSM in regional scale. For bare surfaces, land surface temperature (LST) observed
by the thermal infrared sensors is greatly influenced by the SSM through changing the thermal
properties of the surface soil. The surface soil thermal inertia (TI), one of the soil thermal prop-
erties, has been found to be highly related with SSM although the relationship varies with soil
types [2, 3]. On the basis of the surface albedo and the difference between daytime and nighttime
LST, apparent thermal inertia (ATI) considered as an approximation of TI was defined and used
to retrieve SSM [4]. However, the relationship between TI or ATI and SSM is not unique and
varies with soil type and atmospheric condition, and most of the studies are based on instanta-
neous observation realized by the polar satellites (NOAA, MODIS). A few studies are concerned
with SSM estimation from the temporal variation of LST provided by the geostationary satellites
(GOES, METEOSAT). Wetzel et al. [5, 6] conducted a preliminary study on the estimation of SSM
from the temporal variations of LST and demonstrated that the mid-morning differential of the
LST with respect to the absorbed solar radiation is optimally sensitive to the SSM. On the basis
of the aforementioned studies, Zhao and Li [7] performed a systematic sensitivity study about the
influence of environmental factors including SSM, albedo, soil physical and atmospheric parameters
on the LST and its temporal variation. The results indicated that the two LST temporal variables
TN (the LST rising rate normalized by the difference in the net surface shortwave radiation during
1.5 h and 4.5 h after sunrise in the mid-morning) and td (the time at which the daily maximum
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temperature occurs) are highly related to SSM. A simple linear model was proposed to estimate
SSM using TN and td. It has been proved that this linear model gives a larger relative error of SSM
under extremely dry condition, and all the coefficients of the proposed model are highly related to
atmospheric conditions.
In the present study, following the work of Zhao and Li [7], an improved method will be proposed
to retrieve SSM using TN and td with the coefficients independent of the atmospheric conditions.
Because there is no accurate SSM measurements at large scale, NOAH land surface model (LSM) is
used to simulate the temporal evolution of the LST under different soil types and SSM conditions
for cloud free days and bare soil surfaces. A description of NOAH LSM and atmospheric forcing
data are described in Section 2. The methodology is presented in Section 3. Section 4 shows the
results. Conclusions are provided in Section 5.
2. NOAH LSM AND ATMOSPERIC FORCING DATA
2.1. NOAH LSM
Due to the lack of SSM in the pixel scale of geostationary satellites, NOAH LSM was selected in
this study to simulate the diurnal evolution of the LST under different soil types and soil moisture
contents for bare surfaces, and to provide the LST temporal information and SSM for model
development.
NOAH LSM is a stand-alone, 1-D column model which can be executed in either coupled or
uncoupled mode, and it can be used to execute single-site or regional land-surface simulations. The
key input to the model includes land-use (vegetation) type, soil texture and slope. The secondary
input parameters can be specified as function of the above three primary parameters. Atmospheric
forcing data are needed to drive the model.
As the LST responds to the SSM at depths of 4–5 cm, the soil layer is modified and separated into
six layers with a depth of 5, 10, 15, 30, 40 and 100 cm. The soil moisture of the first layer represents
the SSM. In addition, surface albedo parameterization in the biosphere-atmosphere transfer scheme
is adopted in the model to simulate the surface albedo as function of the SSM and soil color.
2.2. Forcing Data
AmeriFlux (http://public.ornl.gov/ameriflux/index.html) level 2 half-hourly data at Santa Rita
Mesquite Savanna site in 2007 were used as the atmospheric forcing data to drive NOAH LSM.
Because of the semiarid climate at this site, there are enough clear days to run NOAH LSM, and
eight cloud free days in 2007 (Day of year: DOY 74, 105, 107, 150, 171, 246, 269 and 284) were
selected to represent different meteorological conditions
3. METHODOLOGY
As the simple linear model proposed by Zhao and Li [7] has been proved to be inaccurate for
extremely dry condition, in addition, the coefficients in the model are atmosphere dependent,
to increase the SSM retrieved accuracy and make the model more general (ideally independent
of atmospheric condition), an improved linear model and a second-degree polynomial model are
proposed to estimate the SSM using the two variables TN and td both derived from the daily
evolution of LST [7]. The forms of these two models are:
Model 1 : SSM = a0 + a1
(
TN
0.05
)
+ a2 (td − 12) (1)
Model 2 : SSM = b0+b1
(
TN
0.05
)
+b2
(
TN
0.05
)2
+b3
(
TN
0.05
)
·(td−12)+b4(td−12)+b5 (td−12)2(2)
in which TN in K*m2/W, td in h and SSM in m3/m3.
4. RESULTS
To derive the TN and td for SSM estimation, NOAH LSM simulation should be conducted firstly.
As indicated in Figure 1, different simulations were conducted for 12 different soil types in NOAH
LSM with various SSM (ranging from its minimum value to its maximum value) on the eight
cloud free days under bare soil surface condition. Diurnal evolution of LST, net surface shortwave
radiation (NSSR) and SSM were generated by NOAH LSM. TN and td were calculated from the
simulated diurnal evolution of LST and NSSR [7]. Regression was then performed with Model 1
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Figure 1: Scheme for retrieving the coefficients of Models 1 and 2 (Equations (1) and (2)) with NOAH LSM
simulation for bare soils.
Table 1: Coefficients and RMSE of SSM estimation using Model 1 and Model 2.
DOY
Model 1 (Equation (1)) Model 2 (Equation (2))
a0 a1 a2 RMSE b0 b1 b2 b3 b4 b5 RMSE
74 1.663 −0.954 −0.357 0.029 −0.411 −1.874 0.633 −0.089 2.459 −0.78 0.012
105 1.394 −0.877 −0.32 0.026 −0.084 −1.125 0.325 −0.171 1.869 −0.713 0.013
107 2.052 −1.061 −0.557 0.017 1.476 −2.676 0.497 0.503 0.57 −0.372 0.011
150 2.043 −0.979 −0.536 0.030 1.886 −4.182 1.307 0.472 1.201 −0.591 0.014
171 2.066 −0.997 −0.57 0.024 0.318 −2.566 0.902 0.048 2.021 −0.713 0.013
246 2.296 −1.256 −0.655 0.018 −3.956 1.02 −0.123 −1.093 5.165 −1.351 0.011
269 1.644 −0.836 −0.42 0.028 −3.359 1.407 −0.246 −1.101 4.575 −1.253 0.017
284 1.301 −0.826 −0.265 0.034 −1.621 0.058 −0.086 −0.485 3.201 −1.031 0.012
and Model 2 using TN and td against the actual SSM for each day, and the coefficients of both
models were retrieved finally.
As shown in Table 1, both models can retrieve SSM with RMSEs within 0.035m3/m3 for a given
day and the soil texture shows little impact on the estimating results. For Model 1, the total root
mean squared error (RMSE) of the SSM for the eight days is 0.026m3/m3, but the points are a
little dispersive for extreme dry condition. While compared with Model 1, the result of Model 2 is
much better with RMSE = 0.013m3/m3and the estimated SSM is very close to actual SSM, and
all the points lay on the 1 : 1 line as displayed in Figure 2. However, it is clear that the coefficients
a0–a2 in Model 1 and b0–b5 in Model 2 vary everyday, indicating that they are highly depend on
the atmospheric forcing data (see Table 1).
To find the relationship of the coefficients in both models, the correlation analysis was conducted,
and the results are listed in Table 2. As shown in this table, the absolute values of the correlation
coefficients were all above 0.75. The coefficients a0–a2 in Model 1 and b0–b5 in Model 2 were highly
correlated with each other, indicating that the contribution of TN and td to the SSM variation are
strongly related.
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Figure 2: Scatter plot of actual SSM and SSM estimated using (a) Model 1 and (b) Model 2 for the eight
cloud free days.
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Figure 3: Scatter plot of the actual SSM and SSM estimated using (a) Model 1 and (b) Model 2 with
coefficients in Table 3.
Table 2: Correlation coefficient in Model 1 (left) and Model 2 (right).
a0 a1 a2 b0 b1 b2 b3 b4 b5
a0 1 b0 1
a1 −0.871 1 b1 −0.959 1
a2 −0.987 0.851 1 b2 0.862 −0.962 1
b3 0.991 −0.961 0.852 1
b4 −0.984 −0.900 −0.765 −0.978 1
b5 0.971 −0.895 0.758 0.975 −0.993 1
To transfer the variation of a1–a2 and b1–b5 on atmospheric condition to the constant term
a0 and b0 respectively, and to make a1–a2 and b1–b5 independent of the atmospheric conditions,
a linear mixed model (random intercept method) was applied to the whole dataset [8]. In this
model, the variables of the same day were grouped into the same group, there are therefore eight
groups for the whole data. Comparison of the SSM estimated by the random intercept method
with the actual SSM is depicted in Figure 3. The RMSE of SSM is 0.03m3/m3 and 0.024m3/m3
respectively. Although the RMSEs are a bit larger than those obtained for each single day and
the points are more dispersive in extremely dry conditions, the number of coefficients related to
atmospheric condition in Models 1 and 2 is reduced to only one (a0 and b0 respectively) and
other. coefficients a1–a2, b1–b5 are constant and independent of atmospheric conditions (Table 3).
Consequently, SSM can be estimated accurately provided that the constant values of α0, β0 are
known or estimated for each day according to the atmospheric conditions.
In order to understand the interrelationship between the constant terms and the atmospheric pa-
rameters, correlation analysis was also conducted for a0 and b0 against the atmospheric parameters
including maximum and minimum air temperature, daily average air temperature, daily average
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Table 3: Values of the coefficients a1–a2, b1–b5 in Models 1 and 2.
Model 1
a1 a2
−0.915 −0.416
Model 2
b1 b2 b3 b 4 b5
−0.972 0.227 −0.195 1.027 −0.376
wind speed, average air temperature in the morning and average wind speed in the morning. How-
ever, there was no obvious simple connection for a0 and b0 with these atmospheric parameters.
Further research is still needed to find the inherent connection between them.
5. CONCLUSION
Two empirical models (linear and second-degree polynomial forms) were proposed to estimate SSM
for bare soil surfaces with the two LST temporal variables TN (the LST rising rate normalized
by the difference in the net surface shortwave radiation during the mid-morning) and td (the time
at which the daily maximum temperature occurs). Data simulated by NOAH LSM for different
soil types and atmospheric conditions were used to establish these two models, and the results
indicated that both of them are able to capture the variation of SSM with high accuracy for a given
atmospheric condition. However, the coefficients are dependent of the atmospheric conditions.
In order to reduce the number of the coefficients related to the atmospheric conditions, a simple
linear mixed model (random intercept method) was applied and the results indicated that the
coefficients a1–a2, b1–b5 in Models 1 and 2 are independent of the atmospheric conditions and only
the constants α0, β0 vary with the atmospheric forcing data. The RMSEs of the retrieved SSM
are within 0.03m3/m3 and the results showed that SSM can be retrieved well provided that the
value of the constant term α0, β0 is available or estimated. However, further study is still needed
to understand the inherent relationship between the constant terms and atmospheric forcing data.
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